Electric utilities need end use consumption information for planning, forecasting, operational, and evaluation purposes. Statistically adjusted engineering (SAE) analysis has been proposed as a means of overcoming the weaknesses of conventional engineering analysis while retaining the strengths of rigorous and empirically grounded engineering algorithms, but it has rarely been applied to industrial customers.
Introduction
Electric utilities need detailed end use consumption information for a variety of purposes. These include: (1) short-term load forecasting to manage the load in real time; (2) long-term load forecasting for integrated resource planning; (3) evaluating the impact of energy conservation programs; and (4) meeting regulatory requirements.
End use electricity consumption information has typically been based on engineering algorithms which are informed by on-site data collection and metering information. For example, typical algorithms estimate energy use as the product of kW and full load hours, where the kW load is based upon on-site audits of the installed equipment and full load hours is based on metering. The engineering algorithm approach has both strengths and weaknesses. Key strengths include the fact that the resulting estimates are evidence based, credible and transparent. Key weakness include the fact that precision is driven by sample sizes, which are often small because of the cost of metering, and the specific end uses metered may or may not be representative of the population at the facility, resulting in biased estimates.
Statistically adjusted engineering (SAE) analysis has been proposed as a means of overcoming the weaknesses of conventional engineering analysis while retaining the strengths of a rigorous and empirically grounded analysis ([1] - [11] ). In an SAE analysis, engineering based information on all end uses is collected for a number of facilities. The end use estimates are then calibrated using a regression model, so that the total measured load is then disaggregated into calibrated end use loads. This paper reports on the results of a detailed SAE analysis based on data for 198 industrial facilities in British Columbia. An outline of the paper is as follows. Section 2.1 reviews previous research using an SAE methodology, with a focus on the relatively small number of studies which have applied SAE to non-residential customers. Section 2.2 describes the data (which was obtained from detailed on site audits and engineering modelling at 198 industrial sites) and the method used in this study (an SAE model estimated using ordinary least squares). Section 3 provides the estimated end use consumption for nine end uses for each of three-digit industrial sectors (food processing, wood products, paper manufacturing, petroleum and coal products, chemicals, plastic and rubber products, non-metallic minerals, primary metals, electric products, and transportation equipment). Section 4 provides a summary and conclusions.
Approach

Previous Research
The first SAE analysis was developed by Train et al. [10] for the residential sector in Los Angeles, and the study included weather, dwelling size, dwelling type, income and other household characteristics as independent variables. A follow up study by Train [11] estimated residential end use loads for Pacific Gas & Electric (PG&E) and San Diego Gas & Electric (SDG&E) customers. An early business customer application by Megdal et al. [7] estimated energy savings for Boston Edison Company's large commercial customers, and it found that the exact model specification affected savings realization rates. A study by Gallagher et al. [3] found that SAE analysis was potentially a useful method for controlling for confounding effects in DSM studies. Commercial lighting DSM savings were examined by Bailey et al. [1] who found that while building simulation produced energy savings realization rates over 100%, SAE produced more realistic savings realization rates of 87%. Impact of boiler controls in multifamily resdiential buildings was examined by Shelton et al. [8] for the PG&E and SDG&E service territories. Large commercial project energy savings were investigated by Haeri et al. [4] using SAE models estimated by both ordinary least squares (OLS) regression and fixed effects, generalized least squares (GLS) models. Roof-top photovoltaic systems were modelled by De Benedictis et al. [2] , and they found that metered PV output is about 80%-90% of the simulated performance of these systems. A comprehensive survey of data based energy use analysis methods is included in Jackson [5] .
Data and Method
We used a statistically adjusted engineering model to estimate electricity use for nine end uses for ten industries. The dependent variable in the model was billed annual electricity consumption for the facility. The initial independent variables were estimated electricity consumption information for each of the nine end uses. Total electricity consumption came from the electricity billing file, while the estimates of end use consumption came from engineering studies at 198 industrial facilities. Because there was a high degree of multi-collinearity between the end uses using motors, the end uses involving motors were aggregated into one end use for the regression modelling and then disaggregated to produce the end use consumption estimates. The following basic specification was estimated using ordinary least squares, with alternative specifications depending on whether or not the sector dummy variables were included in the regression:
The variables are in this model are as follows for each customer i:  MWh i is annual purchased electricity consumption,  LIGHT i is estimated annual lighting consumption,  REF i is estimated annual refrigerator and freezer consumption,  HEAT i is estimated annual process heat consumption,  DRIVES i is estimated annual consumption for motor drives including pumps, fans, compression, materials handling and other process,  PRIMARY i is a dummy variable which takes the value one if the industry is in the primary sector and the value zero otherwise,  SECOND i is a dummy variable which takes the value one if the industry is in the secondary sector and the value zero otherwise, and   i is the error term.
The estimated regression model without the segment dummy variables is shown in Table 1 . One, two or three asterisks beside the estimated regression coefficient indicate that the coefficient was significant at the 10%, 5% or 1% level respectively. The regression had excellent properties: the signs for the regression coefficients were consistent with prior expectations, the magnitudes of the regression coefficients were reasonable, and the regression had excellent explanatory power, with an adjusted R-squared value of 0.98, and an F statistic which was significant at less than the 1% level. The estimated regression model with the segment dummy variables is shown in Table 2 . Again, one, two or three asterisks indicate that the coefficient was significant at the 10%, 5%, or 1% level respectively. The regression had excellent properties: the signs for the regression coefficients were consistent with prior expectations, the magnitudes of the regression coefficients were reasonable, and the regression had excellent explanatory power, with an adjusted R-squared value of 0.98, and an F statistic was significant at less than the 1% level. Note that the two models are nested since Model 2 contains all of the variables in Model 1, plus of course, the two sector dummies. The F test is often used as a means of selecting between two or more models when the models are nested, with the model having the larger F value being preferred. In this case, Model 1 has a larger F value than Model 2, so that subsequent analysis is based on the regression coefficients of the preferred Model 1.
Results
The food manufacturing industry (NAICS 311) includes animal food manufacturing, grain and oilseed milling, sugar and confectionary products, fruit and vegetable preserving, dairy products, meat products, seafood products, bakeries and other food manufacturing. Table 3 shows the electricity end use results for the food processing industry. The five most important end uses are The wood product manufacturing industry (NAICS 321) includes sawmills and wood preservation, veneer, plywood and manufactured wood products, and other wood product manufacturing. Table 4 shows the electricity end use results for the wood product manufacturing industry. The paper manufacturing industry (NAICS 322) includes pulp, paper and paperboard mills and converted paper product manufacturing. Table 5 shows the electricity end use results for the paper manufacturing industry. The petroleum and coal product manufacturing industry (NAICS 324) includes petroleum refining, manufacture of asphalt and related products, and production of other petroleum and coal product manufacturing. Table 6 shows the electricity end use results for the petroleum and coal products manufacturing industry. The chemical manufacturing industry (NAICS 325) includes basic chemicals, resin, synthetic rubber and related, pesticides and fertilizers, pharmaceuticals, paints and coatings, soap and related and other chemical manufacturing products. Table 7 shows the electricity end use results for the chemical manufacturing industry. The plastic and rubber products manufacturing industry (NAICS 326) includes plastic products and rubber products. Table 8 shows the electricity end use results for the rubber and plastic products manufacturing industry. The non-metallic minerals product manufacturing industry (NAICS 327) includes clay and refractory products, glass and glass products, cement and concrete products, lime and gypsum products, and other nonmetallic mineral products. Table 9 shows the electricity end use results for the non-metallic minerals product manufacturing industry. The primary metals products manufacturing industry (NAICS 331) includes iron and steel mills, steel products, alumina and aluminum producing and processing, nonferrous metals production and processing and foundries. Table 10 shows the electricity end use results for the primary metals products manufacturing industry. The electrical equipment manufacturing industry (NAICS 335) includes electrical lighting equipment, household appliance manufacturing, electrical equipment manufacturing and other electrical equipment and components. Table 11 shows the electricity end use results for the electrical equipment manufacturing industry. 
Conclusion
Electric utilities need detailed end use consumption information for a variety of purposes. These include: (1) short-term load forecasting to manage the load in real time; (2) long-term load forecasting for integrated resource planning; (3) evaluating the impact of energy conservation programs; and (4) to meet regulatory requirements. In this study, we applied the statistically adjusted engineering (SAE) approach to estimate end use consumption for nine electricity end uses in ten industries. The study has three main results. First, the estimated regression model had excellent statistical properties: the signs for the regression coefficients were consistent with prior expectations, the magnitudes of the regression coefficients were reasonable, and the regression had excellent explanatory power, with an adjusted R-squared value of 0.98, so that the SAE model explains 98% of the variance in the underlying data.
Second, large electric utilities often have information for a sample of industrial customers on end use electricity consumption conducted as part of load research or emery program evaluation efforts. The present research suggest that the relatively little used SAE approach can be used to cost effectively estimate end use electricity consumption.
Third, total and end use electricity consumption estimates vary substantially by industrial sector, which suggest that disaggregated information may be more useful than the aggregated data which is typically collected through load research activities.
